Abstract: This paper focuses on the modelling and control design for an electro-pneumatic braking system used in multi-locomotives in order to achieve accurately and steadily braking control of heavy haul trains. To deal with various time delays, a T-S fuzzy model based on satisfaction degree is proposed to simplify the cylinder model construction and a fuzzy clustering algorithm with forgetting factors is deployed to achieve parameter selflearning in order to improve the fuzzy control accuracy. Then a fuzzy genetic algorithm is adopted as the rolling optimization method to reduce the effect of coupling noise, system disturbance and communication random interference such that the system robustness and controller response capability are improved. The effectiveness of the proposed method is verified by simulation and practical implementations.
Introduction
With an ever-increasing demand of freights on the railway, it has become urgent today to develop sophisticated technical solutions to railway transportation problems. Therefore, long heavy haul trains with multi-locomotives are developed to improve the efficiency of the current railway transportation system through the use of advanced technologies (Zhuan and Xiaohua 2007; Lijun, Xiangtao et al. 2011 ). An important part of those new technologies is the electronically controlled pneumatic (ECP) braking system whose purpose is to improve safety and the performance (Kull 2001) . In an ECP braking system, the brake command signals are electronic and received by all wagons simultaneously. The braking effort is generated by using the pneumatic energy to supply the braking power by using the compressed air as the energy-transmitting medium.
During the past few years, several attempts have been made by different research groups to develop models of the electronically controlled pneumatic brake systems. A longitudinal dynamical model and a closed-loop cruise controller were proposed to minimize the running cost of heavy-haul trains ). Also, a real-time simulation unit was proposed (Chul-Goo, Ho-Yeon et al. 2009 ). An optimal offline scheduling and an output regulation approach were introduced and the performances of different operation strategies were compared in (Zhuan and Xiaohua 2007; Zhuan and Xia 2008) . The fault-tolerant control was discussed in (Xiangtao and Xiaohua 2010) . A model predictive control approach was used to solve the optimal operation problem (Lijun, Xiangtao et al. 2011) . Relevant research works on the pneumatic brake of the long heavy haul trains in literature were mainly focused in the minimization of the energy consumption, in-train forces of the couplers, and velocity tracking errors in a long journey. The design of a precision and fast pneumatic brake controller for heavy-haul trains has not been fully examined and deserves a closer investigation.
From the control point of view, the pneumatic brake system has several characteristics that make the control design difficult. First, the compressibility of air introduces a large time delay and limits system bandwidth (Wang, Bo et al. 2011) . Second, the dynamics of the pneumatic brake system are highly nonlinear because of the nonlinear pressure/air flow relationship. Third, the pneumatic brake system, when coupled with heavy haul vehicle longitudinal dynamics, has large uncertainties. In order to solve these problems, Bu, et al. (Bu and Tan 2007) Figure 1 Locomotive brake control system principle frame precision stopping problem for heavy duty vehicles, and designed a pneumatic brake model and an indirect adaptive robust controller for the pneumatic brake system. A mathematical model of an electro-pneumatic brake system was developed for commercial vehicles which can be used towards model-based control and fault diagnosis of the electro-pneumatic brake (Karthikeyan, Siva Chaitanya et al. 2011) . A control scheme for regulating the pressure of air in a brake chamber of these brake systems was presented in (Bowlin, Subramanian et al. 2006 ). Subramanian, et al. developed a fault-free model of the pneumatic subsystem in an air brake system used in commercial vehicles. Lee, et al. constructed a hardware Inthe-Loop simulator in laboratory to evaluate the antilock brake algorithms and electronic control unit. Minamiyama, et al. (Minamiyama, Kiyota et al. 2007; Minamiyama, Kiyota et al. 2008 ) proposed a passive dynamic control method to improve the internal pressure control accuracy of a pneumatic cylinder. However, for a long heavy haul train with distributed power in multi-locomotives, some characteristics of its electronically controlled pneumatic brake system make the train control more difficult, e.g. multiple brake sources in the train, longer instruction transmission delay and more complicated system structure. This paper aims to provide a detailed analysis on the electronically controlled pneumatic brake systems of the long heavy-haul trains, and to demonstrate its feasibility under a multi-locomotive application environment. To address the difficulties of control design for pneumatic brake system, a T-S fuzzy nonlinear model will be identified for the control design; a control synthesis strategy based on nonlinear models, fuzzy model predictive control approach will be deployed in this paper.
The rest of the paper is organized as follows. In Section 2, the predictive modelling is founded by using T-S fuzzy modelling based on satisfying degree so that predictive modelling has universality and particularity. A fuzzy genetic algorithm is used to rolling optimization in Section 3 to prevent the system to get in local optimization. Section 4 implements the proposed method in a new locomotive brake system. The simulation and practical experiment results are given in Section 5. Finally, a brief conclusion and future work are presented in Section 6.
Brake Control System Configuration
Since model predictive control uses real-time model information for continuously rolling optimization of target functions, it can be effectively used in the complicated industry process (Rawlings 2000; Borrelli, Bemporad et al. 2006; Yang and Boyd 2010) . Model predictive control mainly includes three parts: predictive model, feedback compensation and rolling optimization . Predictive models have the function of displaying the future dynamic action of the system (Cannon, Buerger et al. 2011; Shu, De Schutter et al. 2011; Thomsen, Hoffmann et al. 2011) .
Rolling optimization uses finite time optimization to replace invariable global optimization, so that it can adapt to practical process better (Baocang 2011; Shengbo, Keqiang et al. 2011; Summers, Jones et al. 2011; Yi, Shaoyuan et al. 2011) . Feedback compensation can predict and compensate future deviation based on keeping predictive model invariability (Keck Voon, Weng Khuen et al. 2011) Considering the actual condition of a locomotive brake control system, predictive model and rolling optimization of modelling predictive control are improved. Figure 1 shows the configuration of a locomotive brake control system.
T-S fuzzy model is a typical fuzzy dynamic model . Its conclusion part is expressed by linear equations to construct linear combinations of each rule, so that the output of a nonlinear system has better linear characterization and can approach to a random non-linear system with arbitrary precision (Johansen and Babuska 2003) . T-S fuzzy model is used to establish the predictive model of a locomotive brake control system and this can improve model verity and control accuracy (Baocang 2011; Li and Xi 2011) . Genetic algorithm (GA) is proposed by Holland, which is a parallel global optimization algorithm. Its advantages are high searching efficiency and prominent global searching (Homaifar and McCormick 1995; Raymer, Punch et al. 2000; Sollmann and Jouaneh 2011) . It is used to improve rolling optimization of model predictive control and reduce the influence of the model parameters, the coupling noise and the random interference on the brake system control precision and stability.
T-S Fuzzy Model based on Satisfaction Degree
T-S fuzzy model based on satisfaction degree has been deployed in the predictive model of locomotive brake control system here (Lin and Shen 2011) . Firstly, fuzzy clustering algorithm is used to initialize parameters, and then back-propagation algorithm is used to rectify its antecedent parameters by learning off-line. Secondly, the consequent parameters of the fuzzy rules are self-learning online by using recursive least square method with forgetting factors. Finally, the character satisfaction degree concept is introduced to rectify the forgetting factor to improve model accuracy.
Predictive Model Configuration Design
The input values space of T-S model is divided into c fuzzy sub-spaces. Every fuzzy sub-space corresponding to a local system model can be described by a linear equation. The system output is the weighted summation of each output of the local linear model, and it can gain a predictive model configuration. A locomotive brake control system is a nonlinear MISO control system. The normal form of T-S model can be expressed as follows: 
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where i x is input/output data vector, l =1, …,s, l is the number of the data. υ jl and σ jl are the centre of each rule and variance respectively, i.e. unknown antecedent parameters.
The weighted average method is used to solve fuzzy parameters, and the output of the system is as follows. 
Predictive Model Parameter Recognition
The antecedent parameters of system model can be gained by BP algorithm. It uses the fuzzy clustering method to initialize antecedent parameters, υ j and σ j , of fuzzy rules so that BP algorithm is not trapped in local optimization.
A locomotive brake control system is a time-varying and high non-linear system and works within a great operation range. Therefore it is difficult to describe the system accurately by using off-line models. It is necessary to correct consequent parameters p j on-line to improve model precision.
The consequent parameters of the fuzzy rules are selflearning online by a recursive least square method with a forgetting factor. The process is as follows ( 1) ( ) ( 1)( ( 1) ( 1) ( ))
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Predictive Model Satisfaction Degree Optimization
In a real control process, there are many system performance indexes, such as the control time, control rate, overshoot and so on (Li and Xi 2011; Yan and Li 2011) . Also the forgetting factor  can be designed as a variable parameter, and be adjusted on-line according to the value of satisfaction degree. This enables the recognized model to accelerate its speed approaching to the actual working state while keeping stability.
By introducing the concept of satisfaction degree, the parameters that are contradict and difficult to be adjusted can be optimized to a multi-target decision-making system by using the fuzzy reasoning rules (Khadir 2011) . So adjusting the forgetting factor λ online can make the model meet multi-requirements of control quality at one time. And it also can achieve the model optimization target well (Mhaskar, El-Farra et al. 2005; Jackson, Yanbin et al. 2008; Cannon, Buerger et al. 2011) .
A fuzzy variable μ and μ(v)(0≤μ(v)≤1) are used to define satisfaction degree according to fuzzy membership. The specific adjusting rule is as follows.
where min  and max  are the upper and lower restraint of λ, and μ t is the satisfaction degree of time t. The forgetting factor is rectified by adjusting  with exponent rules and the value of  is between  min and  max .
That means that if system is in positive action, μ t is the main factor of influencing rules. If the satisfaction degree reduces, it means that the upper value of output is too high and the increasing time is not enough, so  should be increased. The learning capacity of the system should be weakened with current data, but the rule parameter should not be changed. If the satisfaction degree increases, it means that the upper value is too low and the increasing time is too long, so it should reduce. The learning capacity of the system should be enhanced with current data to accelerate the system approaching rate.
Locomotive Brake Control Method based on Fuzzy Genetic Algorithm
There are many approaches for rolling optimization in predictive control such as gradient search approach, objective programming approach, and hierarchical varying receding horizon and so on. Genetic algorithm has advantages of prominent global search efficiency and will not be trapped in a local minimum. The object function need not have differential coefficient and non-concave property. So it is a global optimization method and has good robustness and wide applications (Kumar, Chandna et al. 2004) . When a locomotive brake control system is in operation, it will have noise coupling and random interference. Also the model parameter will not be matched 100%. Thus the fuzzy genetic algorithm with imported hero-saving tactic is used as the rolling optimization method to reduce the influence of the model parameters, the noise coupling and the random interference of the system.
Performance Target of Brake Optimization
A brake control system has re-sequence (j=1, 2, …, N) ( ) ( 1, 2, , ) r y t j j N  , which can be seen as constant control in some periods. Therefore, () r y t j  can be seen as a constant y. The following one rank filter equation is used to enable current output y(t) to achieve y r steadily.
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The task of predictive control is to achieve smallest deviation between () y t j  and () r y t j  . In a locomotive brake control system, the optimization performance target of time k chooses the minimum value of function that includes the expectation deviation of system output and two hypotype target functions of the weighted control increment value. 
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where E is expectation. q i is deviation coefficient, i=1, 2, …, p. r j is control coefficient. j=1, 2, …, l. p is predictive length. l is control time domain, l≤p. if j>p, controlled variable will not change.
Rolling Optimization Method based on Fuzzy GA
The application of genetic algorithm aims to search optimal control variable Δu so that the controller output u is the global optimization object. 
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The traditional roulette wheel selection approach enables model at a value higher than an average to obtain more sampling. During the iteration, some models have advantages in population. The traditional approach will strengthen the advantages which will result in search area becoming less fleetly. The exhibition is that convergence is excursion to same clusters and the population of fleetly convergence is not always the global optimization.
Consequently, it will bring precocious phenomena. The reason is that the missing of effective gene has happened. Rudolph has proved that global optimization cannot be achieved by convergence in probability (Rudolph 2001; Rudolph 2011 ). This paper uses excellent sub-population migrating strategy to keep down the sub-population with great fitness. These sub-populations will not join crossover and mutation. The convergence of excellent sub-population migrating strategy has been proved in (Rudolph 2011) .
However, excellent sub-population migrating strategy has one disadvantage, in which the excellent sub-population may be enlarged quickly in new population. The paper uses the method with the connection of excellent sub-population migrating strategy and roulette wheel selection approach. Some sub-populations are chosen by roulette wheel selection approach, and the others are chosen by excellent sub-population migrating strategy.
Defining fitness function 1
. y is current value, s is system setting value. The maximum deviation of equipoise cylinder is ±1Kpa and ±2Kpa for brake cylinder when system is in steady state. c) Crossover operator and mutation operator Crossover and mutation are key operations in genetic algorithm and play an important role in gaining convergence to global optimization and accelerating convergence rate of optimization process. Research shows that the factors, which affect crossover operator P c and mutation operator P m , except of fitness degree function value, are current generation (Cg) and the generation (Kg) whose maximum fitness degree function value is a constant. So Cg and Kg are fuzzy value. In order to achieve self-adjusting of P c and P m , fuzzy mapped connection between accurate input values and fuzzy variable is established by membership function . Then fuzzy reasoning and precision are conducted, which means fuzzy decision-making is used to achieve accurate output and gain values of P c and P m . The changing characteristic of brake pressure can be mainly divided into three states, which means that pressure deviation is small, middle or big, and according to the three different pressure deviations, system variables are divided into three mapped levels: 0, 1, 2 and the dividing is equal. The quantifying values of fuzzy variable are shown in Table 1 . (2) The membership function of fuzzy set For input variables Cg/N and Kg/N and output variables P c and P m , numerical value approach is used to describe their membership function of fuzzy sets shown in Table 2 . (3) The fuzzy reasoning rules According to the above fuzzy analysis of factors which influence adjusting of genetic operator, the fuzzy reasoning rules which adjust genetic operator in the process of evolution can be gained, which is shown in Table 3 . Table 3 The Fuzzy Reasoning Rules
) Precision of fuzzy variables
The fuzzy values have been obtained by fuzzy reasoning. But in the actual control process, precision values are needed. The centre of gravity method is used here to achieve precision values of P c and P m .
d) Rolling Optimization
Based on A, for the realization of genetic algorithm, Equation (9) has been converted into fitness of the max value form.
Equation (10) is set as the target function. By using these parameters from 4.2, rolling optimization is conducted and the control output value of global optimization will be gained. 6) Then the optimal control value () uk rolls in system, and returns.
Simulation and Application

Simulation Results
To validate the control method proposed in this paper, it is applied in new pattern locomotive brake control system, and simulation tool is MATLAB6.5. 1) Collecting 1200 groups' data in actual locomotive environment, in which 50 groups' data is removed. The data collection period is 20ms. 2) Normalizing other data. The normalized data is divided into two teams. 900 groups' data is used to train T-S model as training samples, and the other 250 groups' data is used to check the predictive capacity of model as testing samples. 3) Producing control inputs. According to the collected data, T-S fuzzy model of cylinder pressure is established. The number of fuzzy rules is C=5. The number of BP learning is 40 times, and learning rate is =0.001. 4) Choosing control parameters. Considering that system requires real-time, the inflated volume of brake cylinder is about 5KPa during 1000ms and system work period is 50ms, it should choose smaller predictive horizon range l and control time range p to reduce calculation on condition that it satisfies control result. So it is set l=7 and 4 p  with control coefficient 0.1 j r  .
5) Doing simulations and applications. The result is shown in the following figures, in which the unit of y-axis is one hundred Pa, and x-axis is 50ms. Figure 3 are the comparisons of control outputs and current deviation values between the traditional rolling optimization method and the rolling optimization (RO) method proposed in this paper. From the comparisons, the method proposed in this paper can trace actual change of the system and the control is more accurate. At the same time, the convergence rate is 2 to 4 times faster than the traditional method. It can reduce 2/3 action times of highspeed electro valve and prolong its lifetime. Figure 4 and Figure 5 are the comparison of control output and target value between the generalized predictive control (GPC) method and the control method presented in this paper. From the comparisons, the method proposed in this paper has less deviation and the deviation can be controlled within 1KPa. Especially, when it will reach target value or the system has been stable, there is no more charge, more deflation or unstable state, so it is more advanced than the traditional GPC method and the control precision can meet technology performance. At the same time, the convergence rate is 3 times faster than the traditional method, and it can even restrain random interference. It can also meet the technology performance. Figure 6 shows the configuration of the new generation brake control system designed for the heavy haul trains with multi-locomotives. A brake control union (BCU) is installed in the brake Cabinets. Gradual brake release mode is a new function in the next generation locomotive brake system. The brake mode and release mode both are the very important functions for system safety. The actual result of this function directly affects the performance of new locomotive. Figure 7 is the actual control curve when auto-brake is in a releasing range with the phased braking. Figure 8 shows the actual control curve when auto-brake is in a braking range with the phased release. It can be seen that the pressure of brake cylinder is dropping with the phased release and rising with phased release. The pressures of equipoise cylinder and train pipe are also dropping with the phased release and rising with the phased release respectively.
Result of Real Applications
As shown in Figure 7 , the brake cylinder pressure is increasing or dropping quickly without overshoot. The pressures of equipoise cylinder and train pipe are dropping or increasing ladder shaped which obviously has better dynamic characteristic. It can meet the requirements of new generation of locomotive completely.
Conclusions and future work
For long heavy haul trains, a locomotive brake control method based on T-S fuzzy model predictive control has been proposed in this paper. T-S fuzzy model is used for modelling and back-propagation algorithm is adopted for recognizing its fuzzy rules offline. The consequent parameters of the fuzzy rules are self-learning online by the recursive least square method with forgetting factors. By introducing the characteristic satisfaction degree to rectify forgetting factors can improve T-S model recognition accuracy.
In order to enhance the system convergence rate, the rolling optimization method based on fuzzy genetic algorithms is deployed to obtain global optimization of system, and the excellent sub-population evolution decisionmaking is used for keeping effective data. Through membership functions, self-adjusting of P c and P m is achieved. The simulation shows that the proposed method has several advantages, e.g. the model is more accurate, the convergence rate is much quicker and the regulating is more flexible. The application results show that the proposed method can meet the brake control requirements in terms of quickness, precision and stability.
The future work will be focused on the full dynamic simulation analysis and the operation of heavy trains. The different slopes, the initial braking speed and other factors will be considered to obtain more flexible brake control strategies so that the braking performance can be optimized.
